Abstract-Capacitive electrodes are a promising alternative to the conventional adhesive electrodes for ECG measurements. They provide more comfort to the patient when integrated in everyday objects (e.g., beds or seats) for long-term monitoring. However, the application of capacitive sensors is limited by their high sensitivity to motion artifacts. For example, motion at the body-electrode interface causes variations of the coupling capacitance which, in the presence of a dc voltage across the coupling capacitor, create strong artifacts in the measurements. The origin, relevance, and reduction of this specific and important type of artifacts are studied here. An injection signal is exploited to track the variations of the coupling capacitance in real time. This information is then used by an identification scheme to estimate the artifacts and subtract them from the measurements. The method was evaluated in simulations, lab environments, and in a real-life recording on an adult's chest. For the type of artifact under study, a strong artifact reduction ranging from 40 dB for simulated data to 9 dB for a given reallife recording was achieved. The proposed method is automated, does not require any knowledge about the measurement system parameters, and provides an online estimate for the dc voltage across the coupling capacitor.
. Capacitive biopotential measurement system composed of a patient's body and a capacitive sensor. The electrode is capacitively coupled to the patient via an insulator, e.g., an air gap. An active guard protects the high-impedance sensor from environmental electromagnetic interferences. A known voltage V i is applied from the sensor ground to track the variations of the coupling capacitance.
the one due to the combination of body-electrode impedance variations and a dc voltage across the body-electrode interface.
II. BACKGROUND

A. Capacitive Measurement System
The design of electronics for capacitive sensors has been studied for more than 45 years but remains challenging [6] . To record biopotentials, an electrode is coupled to the patient's body via a capacitance on the order of a few picofarads and connected to a very high-input-impedance amplifier (>1 TΩ). The electrode and the amplifier together define a capacitive sensor. The coupling of the capacitive sensor to the body defines a capacitive measurement system, as illustrated in Fig. 1 .
In order to limit interferences and allow a reliable and robust measurement, different hardware designs have been proposed in the literature. For example, active guarding and neutralization are commonly implemented to keep the bias resistance R i very high and the input capacitance C i as low as possible [7] , [8] . A driven-right-leg circuit (DRL) can also be used to reduce common-mode interferences [7] . In this paper, we consider the basic form of capacitive sensor, without neutralization or DRL, but with an injection signal emitted from the sensor ground terminal as in Fig. 1 .
The coupling capacitance depends on the dielectric property of the material at the body-electrode interface. This material can range from an air gap to a thin cotton cloth that can be more or less compressed depending on the body-electrode distance. The body-electrode interface can also be a combination of different materials, e.g., a waterproof mattress cover and a cotton bed sheet. In this study, we assume the body-electrode interface to be an air gap to avoid triboelectric effects [9] and be able to focus on one source of artifacts. However, a real-life experiment with a cotton layer is also performed to highlight the challenges related to more complex body-electrode interfaces.
B. Sources of Artifacts
Three main sources of artifacts for capacitive ECG measurements were identified in the literature: the environmental electromagnetic interferences associated with a poor common-mode rejection ratio of the system [3] , [9] , the local triboelectric effect at the body-electrode interface [9] , and the variation of the coupling capacitor under dc voltage [10] , [11] . All three types of artifacts can dominate the others, depending on the measurement conditions (patient grounding, amount of body motion, type of materials at the body-electrode interface, etc.). This paper aims to study and reduce the third type of artifacts.
The dc voltage across the coupling capacitor has different origins. It comes in part from the dc bias current of the amplifier, from electrodermal dc voltages (skin potential), and from the accumulation of static charges (e.g., by the triboelectric effect) on the body surface and in the capacitive sensor. In the presence of this dc voltage, any variation of the capacitance due to motion creates artifacts in the measured signal. We focus thus on artifacts coming from capacitance variations of a charged capacitor. These artifacts are sometimes referred to as microphonics in the literature. Since the dc voltage is mainly created by triboelectric effects, microphonics are sometimes confused with triboelectric artifacts. Microphonics consist in a charge flow due to vibration, while the triboelectric effect consist in a charge generation due to friction. These two effects are often combined: A static charge is generated (creating a transient artifact in the signal) and then modulated by the motion (creating an artifact correlated with the motion) until it discharges or adds to a newly generated charge.
C. Prior Work
A theoretical model to study the artifacts generated by variations of the charged coupling capacitor was proposed by Ottenbacher and Heuer in [12] . To undo the artifacts, they solved the inverse system equation. Their method showed promising results in simulation [12] and controlled bench experiments [13] . However, exact knowledge of all the model parameters (system components and dc voltage across the coupling capacitor) is required. This knowledge is often not available, limiting the applicability of this approach for artifact reduction (AR).
Another method for reducing the artifact due to a varying and charged coupling capacitor was recently tested by Eilebrecht et al. in [14] . They used 3-D acceleration signals and combined them to estimate the artifact via a classic adaptive filtering scheme. Their method has the limitation that it requires an additional sensor (an accelerometer) that must be synchronized with the capacitive sensor. Besides, whether or not the accelerometer signal can lead to a good estimation of the artifact has not been studied. Their method is also not automated since the combination of the accelerometer signals that leads to the best rejection of artifacts is selected manually.
As an alternative to accelerometer signals, other signals that correlate with the motion at the body-electrode interface and could potentially be used for artifacts reduction were mentioned, but not exploited, in the literature. A first suggestion was to use an auxiliary capacitive sensor to track changes in the coupling impedance [15] . A second suggestion was to use an injection signal for continuous impedance measurement [5] , [16] . This technique is already used in conventional ECG measurement systems with gel or dry electrodes, e.g., in [17] . However, it has only recently been proposed for ECG measurement systems with capacitively coupled electrodes. In these recent investigations, an injection signal is used for channel selection [18] , respiration observation [19] , artifact localization [20] , or impedance measurement in static conditions [21] , but not for AR or ECG reconstruction. The first time an injection signal was actually tested for AR in capacitive measurements was in our preliminary work in [22] . The adaptive filter that was used did not exploit any knowledge about the system model. The method showed promising results; however, the optimal learning rate and length of the adaptive filter were obtained heuristically.
III. PROPOSED METHOD
We propose to use a time-invariant filter approximation, an injection signal, and a parameter optimization scheme to estimate and reduce motion artifacts caused by variations of the charged coupling capacitor. In addition to AR, our method provides an indication of the variations of the coupling capacitance as well as an estimate of the dc voltage across the coupling capacitor. The method is fully automated and does not require any knowledge about the system component values. The method is designed to perform AR on a single-sensor basis. Hence, no sensor array or auxiliary sensor is needed.
The paper starts with an analysis of the motion artifact based on a model of the capacitive measurement system in Section IV. The main components of the motion artifact are further studied in Sections V and VI in terms of their impact on the ECG measurement in the best-and worst-case scenarios. Section VII describes our method to estimate and reduce the dominant component of the motion artifact. First, a simplified model for the motion artifact is derived from the system model using a time-invariant filter approximation (see Section VII-A). Then, an injection signal and a sliding-window optimization are used to estimate the parameters of the artifact model (see Sections VII-B and VII-C). Finally, the estimated artifact is subtracted from the ECG measurement. In Section VIII, we then consider a by-product of our AR method: the dc voltage estimate. To conclude, the results of the AR in simulation, in a lab bench setup as well as in a real-life scenario are presented and discussed in Section IX.
IV. MODEL OF THE CAPACITIVE SYSTEM
A capacitive sensor measures the displacement current caused by electrical fields on the body surface. The body surface and the electrode are insulated from each other and act as the two plates of a capacitor. In these conditions, no galvanic contact between the electrode and the body is required, and the bodyelectrode interface is modeled by a simple capacitor. The capacitance C c (t) of this capacitor is inversely proportional to the distance between the capacitor plates and proportional to the area of the plates. Accordingly, C c varies over time with any motion that occurs at the body-electrode interface.
The equivalent circuit of a biopotential sensor that is capacitively coupled to a body is shown in Fig. 2 . This circuit was first proposed in [12] . We adapted it here to include a voltage source V i (t) that represents a known high-frequent sinusoidal signal injected from the sensor ground and used to gauge the time variations of C c (t). The high input impedance of the amplifier in the capacitive sensor, together with the bias resistance of the amplifier and some parasitic capacitances (from pads, traces, etc.), is modeled by a resistance R i in parallel to a capacitance C i , both assumed to be time-invariant. The voltage V b (t) stands for the biopotential to be measured, e.g., an electrocardiogram. The voltage V d represents the dc voltage across C c (t). Finally, V o (t) is the voltage at the output of the measurement system. Note that this model assumes a galvanic (resistive) grounding of the patient body.
The time-domain behavior of the capacitive measurement system can be mathematically described by
where C c , V o , V i , and V b are time varying. This equation was, on the one hand, implemented in Simulink (The MathWorks, Inc.) using the parameters of Table I and, on the other hand, solved analytically using standard techniques for differential equations with time-varying coefficients [23] . The analytical solution aims to gain insight into the system behavior, allowing a system approximation as well as the design of a dedicated method for AR. The implementation in Simulink is used to generate data to test our AR method. In the simplifying case, where V i = 0 and with the initial condition t 0 → −∞, we found analytically that [22] where
and
According to (2) , the signal of interest V b (t) is dynamically highpass (HP) filtered by the system, providing a distorted version s(t) of V b (t). According to (1) and (3) Table I . The total input impedance of the amplifier (R i C i ) depends on the circuit construction and is given here for our measurement system. The lower value of C c (0.5 pF) corresponds to a distance of 3.5 mm between the body and electrode surfaces, for an electrode area of 2 cm 2 and an air gap as insulating layer. We assume that above 3.5 mm (i.e., below 0.5 pF), the sensor is not coupled to the body. As for the upper bound, 8 pF corresponds to a cotton layer ( r = 1.3) of 0.3-mm thickness as insulating layer. Using an impedance-analyzer (Agilent 4294A), we measured a coupling capacitance of 4.2 pF for one layer of polyurethane and two layers of cotton as body-electrode interface, which further justifies the chosen C c values. The frequency content of C c (t) ranges from 0 to 20 Hz. This frequency band was chosen in order to cover motion artifacts due to breathing (0.1-2 Hz) and body movement (0-10 Hz), but also due to ballistocardiographic vibrations (0-20 Hz) [19] and, to a certain extent, artifacts due to transient movement, e.g., a step load of the sensor. The voltage V d across C c is assumed to be constant (dc). However, the impact of a drift or slow variations of this voltage up to 0.5 Hz will be discussed in Section VIII, which explains the [0 0.5] Hz bandwidth in Table I . The signal V i has an amplitude of 100 mV pp to ensure a patient leakage current always smaller than 50 μA. The ECG bandwidth was limited to 0.5-40 Hz, which is the typical bandwidth of patient monitors in the socalled Monitoring Mode. Choosing this bandwidth also allows us to avoid 50-and 60-Hz interferences and be able to better isolate the one type of artifact under study. Taking a larger bandwidth for V b (t) will have no impact on our AR method as soon as the common-mode interferences such as 50 and 60 Hz are cancelled beforehand, e.g., using a notch filter or a DRL circuit.
V. DISTORTIONS OF THE BIOPOTENTIAL
Equation (1) shows that the output signal V o (t) has two components. This section focuses on the first component: the distorted signal s(t), as described in (2). Distortions not only consist of an amplitude modulation of the signal of interest V b (t) but also of a dynamic filtering of V b (t). Within the range of values and frequency bands of the model parameters of Table I , several scenarios can be analyzed and simulated.
A. Best-Case Scenario
The best-case scenario, that is when there is the least amount of distortions, occurs when the coupling capacitance is constant, i.e., there is no motion at the body-electrode interface. In this case, (1) becomes
The measured signal in the absence of motion s 0 (t) is thus a first-order HP version of V b scaled by the time-invariant factor
. In the absence of motion, the sensor may thus be described by a linear time invariant (LTI) HP filter with frequency response
where
is the angular cutoff frequency. To ensure that the cutoff frequency of the HP filter remains below the frequency band of V b (t), specific designs of the bias circuit were studied in the literature to make R i sufficiently high [6] , [7] , [24] . With the parameter values of Table I , the cutoff frequency of our system varies between 0.3 and 0.9 Hz. The sensor may thus filter out some of the very low-frequency components Fig. 4 . Two examples of ECG distortions. When the coupling capacitance C c (t) varies at a frequency of 0.2 Hz between its extreme values, which could represent breathing motion, we obtain the distorted signal s 1 (t). When C c (t) varies at a frequency of 17 Hz, which is one of the dominant frequencies in the ECG, we obtain s 2 (t).
of the measured ECG. However, this will not have an impact on the detection of the R-peaks needed to determine the heart rate since most of their spectral energy is contained in the 10-30 Hz range [25] . Note that the impact of C c on the measured signal amplitude (scaling effect) is minimal when the scaling factor
in (6) is close to 1. Efforts have thus been made in the literature toward reducing the input capacitance C i , e.g., by implementing a neutralization circuit [7] .
B. Worst-Case Scenario
In the worst-case scenario, motion at the body-electrode interface makes C c (t) vary between its minimal and maximal values, further distorting the biopotential measurement. Two examples of worst-case scenarios, for a 0.2-and 17-Hz motion, are illustrated in Fig. 4 . In both cases, the third R-peak experiences the worst-case distortions. The other R-peaks are displayed for comparison purpose. The signal s 1 (t) in Fig. 4 shows that the signal attenuation is the strongest when the value of C c (t) is the smallest, that is when there is no proper capacitive coupling at the body-electrode interface. The signal s 2 (t) shows that a high-frequency distance change at the body-electrode interface occurring exactly at the same time as an R-peak of the ECG signal can alter the R-peak shape, however not entirely mask it. Therefore, given the parameters of Table I , the distortions are not expected to prevent a proper R-peak detection, even in the worst-case scenario.
VI. ADDITIVE ARTIFACT IN THE BIOPOTENTIAL MEASUREMENT
This section focuses on the second component of V o (t): the additive artifact a(t). This artifact, as described in (3), is directly proportional to the dc voltage V d and is present only when motion occurs at the body-electrode interface.
A. Best-Case Scenario
The best-case scenario is encountered when there is no dc voltage (V d = 0) or when there is no motion (C c is constant over time). In these two cases, the additive artifact is not present:
and the measurement is affected by the distortions only.
B. Worst-Case Scenario
In practice, the dc voltage V d across C c (t) can be hundreds of millivolts or even several volts, depending mainly on the amount of static charge on the body surface or on the textile layers at the body-electrode interface. Since the artifact a(t) is directly proportional to V d , in the worst-case scenario, a(t) will completely mask the measured biopotential (see Fig. 9 for an illustration) and may even lead to clipping of the system. Suppressing the additive artifact is therefore a more urgent problem than correcting for the signal distortions.
The impact of a(t) on the biopotential measurement was simulated and evaluated with the amplitude of a(t) as quality metric. We find that a V d value as small as 0.6 mV is already critical. Indeed, for V d = 0.6 mV and C c varying between its extreme values, a(t) has an amplitude of 0.7 mV peak-to-peak, which is similar to the one of the R-peaks when measured on the chest of an adult. In this case, any peak in the motion artifact could be misinterpreted as an R-peak of the ECG and could introduce errors in the R-peak detection and related heart rate computation.
Reducing the additive artifact due to the dc voltage V d in combination with motion is the focus of this paper. The goal is to recover key features of the ECG signal, i.e., the R-peaks, in order to allow an accurate instantaneous heart rate computation or R-R-interval time series extraction. When the addictive artifact is entirely removed, the R-peaks become visible again, although the signal distortions remain.
VII. ADDITIVE ARTIFACT ESTIMATION AND SUBTRACTION
To reduce the additive artifact a(t), we propose to first estimate it as accurately as possible and then subtract it from V o (t). To estimate a(t), we use our model of the capacitive measurement system. As previously shown in Fig. 3 and in (3) , a(t) is created from an input signal V d C c (t) that is dynamically HP filtered and then scaled by
. By rearranging this succession of events, we obtain the model for a(t) given in Fig. 5 . Since, in practice, the dynamic HP filter as well as the model parameters are not known, we propose to approximate and estimate them based on the injection signal V i (t). The three steps leading to an estimate of a(t) are detailed hereafter.
A. Step 1: Simplification of the Artifact Model Via an LTI Approximation of the Dynamic Filter
We first approximate the time-varying HP filter of Fig. 5 by an LTI HP filter with impulse response h(t), transfer function H(jω) = j ω K +j ω , and angular cutoff frequency K. In these conditions, the artifact a(t) can be approximated by
where * indicates the convolution operation. This expression is schematically illustrated in Fig. 6 .
B. Step 2: Estimation of the Time-Varying Model Parameters via a Demodulation of the Injection Signal
The time-varying model parameter
is not a priori known. To be able to track it, we inject a known sinusoidal signal V i (t) in the system. The voltage V i (t), when applied from the sensor ground as in Figs. 1 and 2 , is transferred to the output of the capacitive measurement system according to
At sufficiently high frequencies (large ω), this transfer function reduces to a real-valued gain
In this case, any variation of C c (t) will instantaneously affect the contribution of V i (t) in the output signal V o (t) via the gain g(t). We measure g(t) directly by demodulating V o (t) at the frequency of V i (t).
A frequency of 1 kHz for V i (t) is chosen because, at 1 kHz, the imaginary part of
is less than 0.1% of its real part (phase shift below 0.3
• ), so the assumption that the transfer function
is real holds. The time-varying gain g(t) as defined in (7) represents one of the two time-varying parameters in the model of Fig. 6 . The other time-varying parameter is obtained from g(t) according to
With the use of the injection signal, the scheme for the artifact approximation given in Fig. 6 is adapted as in Fig. 7 . Step 2: the time-varying parameters of the model are estimated, as in (7) and (8) , using the amplitude modulation g(t) of the 1-kHz injection signal V i (t).
Fig. 8. Identification scheme for the reduction of the additive artifact. An estimateã(t) +D for a(t) + D is provided and then subtracted from V o (t).
The computation ofã(t) is based on an LTI approximation, an injection signal, and a block least-squares parameters estimation.
C. Step 3: Estimation of the Constant Model Parameters via a Block Least-Squares Minimization
The constant (or slowly varying) model parameter V d as well as the time-invariant cutoff frequency K of the filter H(jω) remain to be estimated. In practice, an offset D is also present in V o (t) due to offsets of the operational amplifier and must also be estimated.
We want to estimate the scaling factor V d , the parameter K, and the offset D such that they provide the least-squares estimateã(t) +D of a(t) + D. If the motion signal Fig. 8 .
is uncorrelated with the signal of interest s(t), the least-squares estimate is obtained when the power of the error e(t) = s(t) + a(t) + D −ã(t) −D is minimal. The process is represented by the parameters estimation box in
The parameters estimation is performed by a block leastsquares minimization. Since e(t) depends linearly onṼ d and D, the optimum values ofṼ d andD can be computed directly by setting the partial derivatives of the power of e(t) to zero and solving the system of two equations with two unknowns. Regarding the parameter K, all values ranging from 1.8 rad [for C c = 8 pF in (5)] to 6 rad (for C c = 0.5 pF) are tested. For each different value ofK, the parameter estimatesṼ d andD are recomputed. The set of parameters minimizing the power of e(t) is selected. Since the power of e(t) as a function of K is observed to be convex, a simple gradient descent algorithm can be used instead of scanning through all K values to make the optimization more efficient. The choice of the block length is discussed in Section VIII-B.
VIII. V d ESTIMATE
Our AR scheme provides, as by-product, an estimate for the dc voltage V d .
A. Time Variations of V d
The dc voltage V d models, among other things, the static charge across the coupling capacitor C c . In real measurements, this voltage may, on the one hand, drift over time due to a slow discharge of the static charge on the body and, on the other hand, vary in an unknown manner with motion or friction at the bodyelectrode interface because of the triboelectric effect. From the equivalent circuit in Fig. 2 , we see that V d and the ECG signal V b (t) cannot be distinguished as soon as their frequency band overlap. The voltage V d can thus be allowed to vary up to 0.5 Hz in case we are interested in the full ECG shape (V b ∈ [0.5 40] Hz) and up to 10 Hz in case we are interested in the R-peaks for instantaneous heart rate computation [25] .
B. Choice of Window Length for the Parameters Estimation
The parameters V d , D, and K are estimated via a block leastsquares approach. The block, or window, is sliding in steps of 0.1 s to provide a smooth estimate of the parameters. The final estimates of a(t) and s(t) are taken at the center of the window resulting in a latency of half the window length (WL).
The WL should be small enough such that the estimation scheme can track variations of the parameters, e.g., a drift in V d or a change of body position affecting the mean value of C c and therefore K. The WL should also be large enough such that it does not track and suppress the variations of the signal of interest, i.e., the ECG represented by s(t) in Fig. 8 
C. Alternative Artifact Reduction Using a Feedback Loop
The V d value, when estimated in real time, can be subtracted at the input of the amplifier of the capacitive sensor (see Fig. 1 ). As a result, the voltage across the coupling capacitor is reduced together with the amplitude of a(t). The output signal becomes V o fb (t) = s(t) + a fb (t), where
This idea of using a feedback loop to reduce the dc voltage across C c and the related artifact was proposed earlier in [26] . This method of V d compensation prevents clipping of the system and acts directly at the source of the artifact. In this feedback scheme, the estimate of V d should be taken at the end of the sliding window resulting in a slightly less accurate estimate but no loop latency that would hamper tracking.
IX. RESULTS AND DISCUSSION
A. Artifact Reduction on Simulated Data
A chirp motion is chosen to illustrate the performance of our AR method over the whole range of motion frequencies ([0 20] Hz). Some step motion is also simulated to evaluate our method in extreme conditions (first graph of Fig. 9 ). The output signal V o (t) (second graph of Fig. 9 ) is so corrupted by the motion artifact that the R-peaks of the ECG are no longer visible. After AR with a 2-s processing window, the ECG signal and its characteristic R-peaks become clearly visible as shown in the third graph of Fig. 9 . If our method would work perfectly and thus would entirely remove the additive artifact from V o (t), we would obtain the signal s(t) in the last graph of Fig. 9 . This signal only contains distortions due to variations of C c (t) and reducing the signal distortions is not the focus of this paper. The signal s(t) is thus our gold standard. In this specific example, the Pearson's correlation coefficient between the gold standard s(t) and our processed signal e(t) equals 0.72 due to a remaining additive artifact, especially marked for low-frequency motion.
B. Performance Evaluation
To quantify our method's performance, we compute the signal-to-artifact ratio (S/A) before and after applying our AR method. The difference between these two S/A in dB determines An S/A lower than 0 dB means that the mean artifact amplitude is higher than the one of the R-peaks. An S/A higher than 6 dB is expected to allow a proper R-peak detection since the amplitude of the R-peak will be, in average, twice the one of the artifact. As for the ECG shape, the lowest acceptable S/A depends on the application. We study our method's performance for different artifact amplitudes and frequency contents. The amplitude of the artifact is directly proportional to V d , and the frequency content of the artifact is closely related to the frequency content of C c (t). We thus evaluate our method by making the parameters V d and C c (t) vary between their extreme limit values (as defined in Table I ) and computing the S/A before and after AR. Two resulting graphs are shown in Fig. 10 . The first one indicates the influence of the motion frequency on our method's performance when V d equals 5 mV. The second graph indicates the performance as a function of the artifact amplitude for C c (t) oscillating between 0.5 and 8 pF at a fixed frequency of 10 Hz. In both graphs, the S/A before and after AR is represented by the dashed and solid lines, respectively. An AR up to 47 dB is possible, depending on the conditions. For V d = 5 mV and C c (t) varying at 10 Hz, our method provides an AR of 39 dB. Fig. 10(a) shows that the amount of AR increases with the frequency of the artifact. This effect appears to come from the LTI approximation of the dynamic filter: the LTI filter makes a frequency-dependent phase-shift error that decreases with increasing frequency. In this figure, we can also see that the artifact amplitude before AR (dashed line) is attenuated at frequencies below 1 Hz due to the HP characteristic of the capacitive sensor. Fig. 10(b) shows that the amount of AR increases with the amplitude of the artifact and becomes constant for high amplitude artifacts. The limitation for small artifact amplitudes is due to the influence of the signal s(t) in the parameters estimation loop. Indeed, for small artifact amplitudes, the amplitude of s(t) Fig. 11 . Lab data acquisition setup. The metal plate and the shaker represent, respectively, the body surface and the body motion. The metal plate is coupled to the capacitive sensor via an air gap. A known 1-kHz signal V i (t), injected from the sensor ground terminal, is used to track the distance variations between the metal plate and the capacitive sensor. becomes significant, and since s(t) is not a white signal, the estimateã(t) of the artifact a(t) in Fig. 8 is not optimal, leading to a remaining additive artifact in e(t). As for the constant AR, it implies an estimation error that increases linearly with the artifact amplitude. This effect comes from the phase-shift error of the LTI filter that results in a shift between a(t) andã(t) and thus in an estimation error a(t) −ã(t) that is proportional to the amplitude of a(t). A 10-Hz motion was chosen as study case because it represents the lowest, hence the most difficult, frequency to be removed when the goal is R-peak detection only. It appears from Fig. 10 (b) that a proper R-peak detection (S/A > 6 dB) is possible with initial artifacts having an S/A of −35 dB or more before AR, i.e., artifacts' amplitudes up to 56 times bigger than the R-peak amplitude.
C. V d Estimate
The V d estimate is a by-product of our AR scheme. It is estimated automatically during the artifact estimation process. The accuracy of the V d estimate is regarded here for its potential use in a feedback loop as described in Section VIII-C or in a reconstruction scheme as in [13] . The V d estimate accuracy has been observed to increase with the frequency of the artifact. In the extreme case when there is no motion, i.e., at 0 Hz, there is no additive artifact, and V d cannot be estimated as discussed in Section VIII-B. This suggests that an accurate and continuous V d estimation, and thus compensation in a feedback loop, would be optimal in the presence of high-frequency vibrations at the body-electrode interface. A vibrating probe could be used to provide a continuous and subtle high-frequency variation of C c (t) out of the ECG band [26] .
D. Artifact Reduction on Lab Data
A lab experiment is set up as described in Fig. 11 to validate our AR method experimentally. A periodic artificial ECG signal V b (t) is applied on a metal plate. This plate and the electrode of the capacitive sensor are separated by an air gap and form the coupling capacitor C c . Variations of C c (t) are generated by a shaker modulating the distance between the metal plate and the sensor. The values of the system parameters (R i , C i , C c , and V d ) are unknown. The output signal V o is sampled at 8 kHz and filtered with a 40-Hz low-pass Butterworth filter.
To compare our lab results with our simulation results, a chirp motion covering the full ECG frequency range is generated by the shaker. Since the exact capacitance C c (t) is unknown, the Fig. 12 . Example of AR on lab data for a chirp motion. The R-peaks of the ECG signal are masked by the artifact in V o (t). After AR with a 2-s window, the R-peaks become detectable in e(t). Fig. 13 . Example of AR on lab data for a random motion. A 2-s processing window gives e 1 (t) and a 0.2-s window gives e 2 (t).
signal g(t), which is the amplitude modulation of the injection signal as defined in (7), is chosen to illustrate the amount of capacitance changes in Fig. 12 . The resulting signals before and after AR, V o (t) and e(t), are also shown in Fig. 12 . The artifact amplitude is in average reduced by 29 dB, which is consistent with our simulation results in Fig. 10 . This degree of suppression can also be directly compared to our results obtained in [22] where a reduction of 20 dB was achieved on the same dataset. Fig. 13 shows the AR performance for a random motion. The capacitance changes at the body-electrode interface, whose amount is represented by g(t), lead to the corrupted output signal V o (t). From this signal, processing windows of 2 and 0.2 s are used to obtain e 1 (t) and e 2 (t). In static conditions, at seconds 5 and 18, the shape of the ECG is not altered in e 1 (t), as guaranteed by the 2-s WL discussed in Section VIII-B. At seconds 10 to 15, the high-frequency artifact is largely reduced, and the R-peaks become detectable again in both e 1 (t) and e 2 (t). At seconds 23 to 26, the low-frequency artifacts were reduced by some 9 dB in e 1 (t) but not entirely removed. In e 2 (t), we observe the HP effect obtained when choosing a short processing window of 0.2 s. 
E. Artifact Reduction on Real-Life Data
The method is also tested in real-life conditions. A unipolar ECG is measured on the chest of a male adult. The right wrist is connected to the system ground via a 100-kΩ resistance for safety. A voltage V i (t) of 1 V peak-to-peak and 1 kHz is applied on the sensor side. In this way, the maximum current that could flow through the patient's body in case of a malfunctioning sensor is limited to a safe 10 μA. The choice for the amplitude of V i (t) results from a tradeoff between the patient safety and a high signal-to-noise ratio in g(t). The patient is wearing a tight-fitting cotton T-shirt of about 1-mm thickness. The sensor is positioned under the left nipple and maintained against the chest by an elastic strap. A ring of conductive foam, connected to the sensor active guard, surrounds the sensor and makes contact with the body via the cotton layer as illustrated in Fig. 14 . The motion artifact is created by manually and repeatedly pressing the sensor against the patient's body.
An example of a resulting recording is shown in Fig. 15 . The R-peaks of the ECG can be seen in V o (t) at seconds 2 to 8 when there is no motion. Our method provides an estimatẽ V d for the dc voltage only when there are sufficient changes of the coupling capacitance, i.e.,Ṽ d is not given when there is no artifact, as shown in the bottom panel of Fig. 15 . Consequently, V d can be used directly to identify the signal segments corrupted by the motion artifact. After processing V o (t) with a 2-s window, the artifact is reduced in e(t) by some 18 dB at second 11 but a transient remains at second 8.5. In average, the RMS amplitude of the artifact is reduced by 9 dB. Despite a strong amplitude reduction, the artifact is not entirely removed, and the R-peaks do not become clearly visible.
A first reason for the remaining artifact is that the proposed method is based on a simplified model of the system and has its own limits, especially for low-frequency and low-amplitude artifacts as discussed previously in Section IX-B. A second reason is that, due to the thermal noise present in the measurement system, the signal-to-noise-ratio of g(t) is limited (tiny amplitude variations of C c (t) cannot be tracked accurately), which leads to a noisy artifact estimate. Finally, it is highly probable that the artifact in this real-life recording originates, in part, from the other two main sources of artifact which are mentioned in Section II-B and which are outside the scope of this paper. Indeed, the remaining artifact could be partially due to tiny currents (fast variations of V d ) created by the triboelectric effect at the skin-cotton interface. Also, the remaining artifact, and particularly the transient observed at second 8.5, can be due to the electromagnetic interference created by the motion of the hand (needed to repeatedly apply pressure on the sensor) in the vicinity of the sensor. 
X. CONCLUSION AND FUTURE WORK
We developed a method to reduce motion artifacts generated by the combination of body-electrode capacitance variations and a dc voltage across the body-electrode interface. The method is based on an injection signal, a model of the system, and an identification scheme.
When the body-electrode interface is an air gap, any variation of the charged coupling capacitance generates two problems simultaneously: a distortion of the measured signal and an additive artifact. The additive artifact tends to be very large and must be dealt with, while the distortion tends to be modest and will not hamper R-peak detection. We showed that an injection signal can be used as a basis to estimate the additive artifact and that a strong AR can be achieved in simulation as well as in a lab setup.
Although the method was designed for an air gap as bodyelectrode interface, we showed that our method also works to a certain extent in real-life conditions with a cotton layer as body-electrode interface. In these conditions, static charges are generated during motion due to rubbing of the fabric against the skin (triboelectric effect). In cases where the artifact under study (microphonics) dominates the triboelectric artifact, as expected in applications where the sensors are embedded in a seat or medical device [4] and more or less pressed against the body, our proposed scheme can accurately estimate a significant part of the artifact. In cases where the triboelectric artifact dominates, as expected in ambulatory scenarios and for sensors embedded in clothing, V d will change over time at frequencies that might be in the ECG band. When there are sufficiently high-frequent changes of the coupling capacitance, our method allows to track V d (t) and can hence be used for future studies on the origin and effect of triboelectricity in capacitive measurements. The value of array processing techniques for reducing both microphonic and triboelectric artifacts in an array of capacitive sensors will also be part of future studies.
We showed that the artifact under study is proportional to the dc voltage V d . Therefore, limiting V d , e.g., by a proper choice of material at the body-electrode interface [9] , an active driven grid allowing a faster discharge [9] and/or a V d compensation scheme, will always help in reducing motion artifacts. We showed also that our method can be used to localize, automatically and in an online manner, motion artifacts in real-life ECG measurements, which is a very practical step toward more reliable capacitive ECG measurements.
Besides AR and artifact localization, our method provides knowledge of the model parameters such as the variations of C c (t) C i and the dc voltage V d . The combination of our parameter estimation scheme with the inverse system equations of Heuer et al. [13] could be used not only to remove the additive artifact but also to correct for signal distortions, leading to a high-fidelity ECG reconstruction.
In summary, this paper provides a comprehensive study on distortions, microphonics, and the impact of static charges in capacitive ECG measurement, which is a great step toward a better understanding of the origins of motion artifacts in capacitive recordings as well as the challenges and opportunities related to their removal.
